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Wide Variety of Load Shapes Exist Across
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Load Shape Characteristics that we found are
important for clustering households into groups
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Load Shape Characteristics that we found are
important for clustering households into groups
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Comparing Load Shape Metrics Across
Customer Cluster Groups
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Comparing Characteristics Across
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Analyze Cluster Groups to Better Understand
Existing Rate or Program Offerings
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Analyze Cluster Groups to Better Understand
Existing Rate or Program Offerings
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Analyze Cluster Groups to Better Understand
Existing Rate or Program Offerings
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Do Customers who are More Likely to Enroll
Also Provide Greater Load Response?
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Do Customers who are More Likely to Enroll
Also Provide Greater Load Response?
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vings during peak

kWh Savings (per household hourly sa

Set More Reasonable and Achievable
Enrollment and Response Goals
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Do Structural Winners Provide Less Load
Response?
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Do Structural Winners Provide Less Load
Response?
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Do Structural Winners Provide Less Load
Response?
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Target Market to the Most Responsive
Customer Cluster Groups
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Who are the Customers Most Likely to
Enroll?
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Who are the Customers Most Likely to
Enroll?
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Tailor Marketing and Education Material to
Increase Responsiveness
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Utility Cost of Saved Electricity ($/kWh)
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Which Customers are More Cost Effective to
Pursue?
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Conclusions

e By analyzing existing smart meter data, a utility can:

Better understand the diversity of customers in its service territory

ldentify load shapes that may be more conducive than others for
participation in some rate or program

ldentify load shapes that may be more conducive than others for
providing peak reductions (or more generally, energy demand
smoothing)

Target customers with those load shapes for rate or program offerings,
as well as education and outreach material specific to them

|dentify load shapes that should be avoided when seeking
participation in some rate or program

Be able to easily change program offerings as the grid expands and
requires load reductions at different times (e.g., solar and wind power,
EV charging, batteries, etc. might change what time the peak system
load occurs)
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